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Figure 3. GOES-16 5-min CONUS
SectorCIRAGeoColorproduct over
Hurricane Dorian at a) 1300 UTC
and b) 1305UTCshownwith c) the
1302 UTCmeso-sector and d) the
interpolated GeoColor derived
using the Farnebäck(2001) DOF
system. Red Arrows highlight the
differences between the
interpolated product in d) and the
actualproduct in c).

üάhǇǘƛŎŀƭCƭƻǿέ(OF)is the distribution of apparentvelocitiesof movementof
brightnesspatternsin an image(HornandSchunk1981)

üDerivingOFis a fundamental task in geostationarysatellite imageanalysis
1. OFcanbeusedto trackfeaturesthroughtime sequences
2. Trackingcloud-drift motion is usedto produceoperationalAtmospheric

Motion Vectors(AMVs; Veldenet al. 1997; Danielset al. 2010)
3. Motion of featurescanalsobe usedfor decisionmakingtools, suchas

diagnosisof tropical cycloneintensity, derivation of local vertical wind
shear, snow vs. cloud identification, or determining observed deep
convectionseverity(Apkeet al. 2020)

4. Using simultaneousscansfrom a satellite pair, OF servesas a pixel
matchingmethodto identify featurealtitude (Stereoscopy)

üAs satellite imageryimproves(in temporal, spatial,spectral,and radiometric
resolution),soto doesour ability to resolvemotion in imagepairs

ü Thegoalof this work is to bringcutting edgeOFtechniquesandtheir benefits
to GOES-Rseriessatelliteresearchandoperations

Introduction

ü Thecomputervision communityhasmitigated or resolvedissuesassociated
with the PM techniques to retrieve ά5ŜƴǎŜέOF fields, where motion is
derivedat everyimagepixel (e.g. Fortunet al. 2015)

üMany DOFderivation methods are basedon solvinglarge systemsof linear
equationssetup by assuminga few thingsaboutDOFbehavior:

1. Thedisplacementsaresmall
2. Thebrightness(or brightnessgradient)onlychangesdueto motion
3. Theflow canberegularized(translationor deformationvariesslowly)

ü Thetemporal resolutionof the AdvancedBaselineImager(ABI)improvesthe
assumptionsaboveand enablesthe derivation of DOFon satellite imagery!

üAt CIRA,we havedevelopeda systemof ABI-product leveragingDOFschemes,
andareexperimentingwith applicationsfor satelliteremotesensing

ü In this poster,we showproductsthat are possibleusingtechniquesby Sunet
al. (2014) andFarnebäck(2001) to deriveDOFmodifiedby ABIchannels

Dense Optical Flow Methods

Mesoscale Winds
üCombining DOF with cloud-top height products enables AMV-like wind

estimationwith featureresolutionof ~10km wavelengths(meso-scale)
üReal-time tests show how mesoscalewinds can highlight flows relevant to

operations(e.g. acceleratinghorizontalflowswith verticalcloudgrowth Fig. 2)
üPreliminaryvalidationusingwind profiling LidarsamplessuggestGOES-RDOF

derivationapproachesareperformingon-parwith AMVs(Table1)

üSuccessfulDOFderivation,now possiblewith GOES-RseriesABIimagery,leads
to a myriadof newproductsfor operationalandresearchusers

üWindsandinterpolationhighlightflows important for meteorologyoperations
ü ImageWarping enablescomputation of pixel-level time rates of changefor

movingfields,suchascloud-top coolingratesof movingconvection
üDOFmethodsare constantlyevolving,and researchis underwayto evaluate

cuttingedgeapproaches,anddeterminehow thesenewapproacheswill aid in
ongoingproductdevelopment

Conclusions and Future Work

Image Warping
üKnowing DOF allows research and operational meteorologists to create
άǿŀǊǇŜŘέimages,wherebrightness(e.g. Fig. 4a) at someprevious(or future)
time isadjustedin the grid to correctfor its motion from the current time

üWithout correctingfor cloudmotion, cloud-top coolingof movingconvection
sampledin the 10.3-˃Ƴinfraredbandcannotbe resolved(Fig. 4b)

üWarping is essential for operational users and decision-making tools that
need time-rates of changefor movingfields (e.g. convectioninitiation cloud-
top coolingdetectedat blackarrowsin Fig. 4c)

Other Possible Products
üSeveralnewDOFbasedproductsarecurrentlyunderdevelopment,including:

1. Stereoscopy(cloud-top andfeaturealtitude from multiple satellites)
2. Featureforward extrapolation
3. Motion/CIRAproductblending
4. Deepconvectioncloud-top divergenceandvorticity from winds

Image Temporal Interpolation
üBrightness motion estimates enable temporal interpolation of products

betweenscannedimageframes(e.g. 1-min meso-sectorsondemand!)
ü Interpolated GeoColorproducts highlight important mesoscalemotions and

arecloseto true meso-sectorimagery(Fig. 3)
ü Interpolationstrugglesin areaswith fastmotion anddeepconvection

Current Optical Flow Techniques
üMost AMVandstereoscopyalgorithmsusePatchMatching(PM),where targets

(e.g. 5x5 pixel boxes)are iteratively comparedto candidatetargets within a
searchregionin the next image(Fig. 1, Left)

ü Trackedfeaturesarequalitycontrolledto ensurePMis anefficient andeffective
OFmethod

üQuality control removestargets where the sum-of-square-error minimization
andcross-correlationmaximizationto find matchingcandidatesfails

üAdvantages: Computationally efficient, simple to understand, simple to
implement,handleslargedisplacements

üDisadvantages: Naturalscenescontainmotion typeswhich cannotbe resolved
with PM techniques(Fig. 1, Right),PM only returns motion for a subsetof the
imagepixels(e.g. a SparseOFsystem),canbesusceptibleto noise

Figure2. (Top) The13 Jan2020GOES-16 a) 0.64- m˃
visible imagery,b) Sun et al. (2014) dense optical
flow (wheregreyis stationary),c)GOES-RABICloud-
Height Algorithm cloud-top heights, and d) color
scalesused for b) and c), shown with the 18 UTC
analysisGlobalForecastSystemverticalwind profile
for the region.
Table 1. (Right) Validation (Bias/Mean-Vector
Difference; MVD)for DOFwindscomparedto wind-
profilingLidardata,shownwith AMVstatistics.
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Figure1. (Left) Schematic
of the PM Optical Flow
scheme,and (Right) the
types of cloud evolution
wherePMfails.

Algorithm Bias (m s-1)* MVD (m s-1)*

Modified-Sun et al. (2014) (IR Ch-7) -0.798 3.101

Farnebäck(2001) (visible imagery) -0.114 2.272

GOES-R AMVs (IR Ch-7) from 
Daniels et al. (2018)**

< |-0.5| ~2.9-4.5

GOES-R AMVs (Visible Ch-2) from 
Daniels et al. (2018)**

< |0.5| ~2.8-3.7
Figure 4. The 10 Jan 2020 GOES-16 column a) 10.3- m˃ infrared imagery, column b) the 10.3- m˃ brightness
temperature cooling over 5-min without warping for motion, and column c) the 10.3- m˃ brightnesstemperature
coolingusingwarpingprovidedby the Farnebäck(2001) DOFalgorithm. Theblackarrowshighlightlocationsof deep
convectioninitiation, and the red circlehighlightsbenigncumuluswhich produceslargecoolingmagnitudeswithout
correctingfor motion.

**DOFderivedon 23April 2019from the GOES-17meso-sectordomain(0055UTC-0300UTC)over the pacificcoast
of the United States,AMVvalidation statisticscomefrom a largersampleof comparisonsto rawinsondes

https://www.goes-r.gov/products/baseline-derived-motion-winds.html

